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Left: automaticvisualizationof a tooth.To theright: interactiveselectionof dentin,dentinboundary, enamelboundary, enamelandnervecavity.
Eachfeatureis selectedby pointingandclicking at thecorrespondinghigh-lightedregion in thetransferfunctionbelow eachimage.

Abstract

Multi-dimensionaltransferfunctionsare an ef�cient wayto visualizefeaturesin scalarvolumedataproducedby
CTor MRI scanners.However, theoptimaltransferfunctionis dif�cult to �nd in general. Wepresentanautomatic
yetpowerfulmethodfor theautomaticsetupof multi-dimensionaltransferfunctionsbyaddingspatialinformation
to the histogram of a volume. Using this informationwe caneasilyclassifythe histogram andderivea transfer
functionbyassigninguniquecolors to each classof thehistogram.
Each feature can be selectedinteractively by pointing and clicking at the correspondingclassin the transfer
function. In order to renderthe classi�ed volumewith adequatequality we proposean extensionof the well-
knownpre-integration technique. Furthermore, wedemonstratethe�exibility of our approach bygivingexamples
for theimagingof segmented,diffusion-tensorandmulti-modaldata.

Categories and SubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism

1. Intr oduction and PreviousWork

Directvolumerenderingtechniques[Rez00]arewidely used
for the displayof medicalvolumedatageneratedby com-
puted tomography (CT) or magnetic resonanceimaging

(MRI). In comparisonto thedisplayof cross-sectionswhich
arestill the standardvisualizationtool in clinical practice,
themainproblemof directvolumerenderingis thatfeatures
mayoccludeeachother. Therefore,theef�ciency andaccep-
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tanceof directvolumerenderingtechniquesdependson the
ability to isolateaspeci�c feature.

For thispurpose,clippingmethodseitherapplyaclipping
plane,a volumemanipulator[MLB03] or a voxelizedclip
geometry[WEE02,RGWE03] to cut away occludingmate-
rial.

Sincea CT or MRI scannergeneratesa scalarvolume,
transferfunctions[WM92, Max95]areneededto assignspe-
ci�c colorsandopacitiesto therangeof scalarvalues.Man-
ually steeredmethodsfor thesetupof transferfunctionsgive
feedbackabouta region of interestin the volume in order
to �nd thecorrespondingregion in thedomainof thetrans-
fer function [KKH01, HM03]. Then a speci�c featurecan
beemphasizedby addingemissionandopacityto thecorre-
spondingregionof thetransferfunction.

Anothermanualapproachis thegenerationof avarietyof
randomtransferfunctions.Thentheuserselectsthetransfer
function which yields the bestresult.This procedureis re-
peateduntil thetransferfunctionconvergesagainsta useful
setup[HHKP96, MAB � 97].

Semi-automaticsetupmethodsanalyzestatisticalprop-
erties to identify interesting regions. The contour spec-
trum[BPS97], for example,locatesscalarvalueswhichcor-
respondto uniquelyshapediso surfaces[LC87], sothat the
usercanselectan appropriateiso value.Otherapproaches
automaticallyadapttheopacityfunctionto makeuninterest-
ing regionsmore transparentthanregionswith high infor-
mationcontent[KD98, TLMM02, PM04].

1.1. Multi-dimensional Transfer Functions

A fundamentaldrawbackof transferfunctionbasedmethods
is thefactthatthemappingfrom thedomainof thevolumeto
thedomainof thetransferfunctionis injective.Thereforethe
separationof featureswith thesamestatisticalpropertiesis
impossible.For example,tissuecanbeseparatedfrom bone
in CTscans,butasinglebonecannotbeseparatedfromother
bones.

The �e xibility of transferfunctionshasbeenimproved
by the introduction of multi-dimensionaltransfer func-
tions[KD98]. Thesedo not only dependon thescalarfunc-
tion but alsoconsiderits higherorderderivatives.This al-
lowsfor betterfeaturelocalizationin thedomainof thetrans-
fer function.

The most widely-usedtype are two-dimensionaltrans-
fer functions (e.g. 2D opacity maps) which depend
on the scalar value and the gradient magnitude. Ten-
dimensional types [TM03] and curvature basedtransfer
functions[HKG00, KWTM03] havealsobeendescribed,re-
cently.

1.2. Transfer Function Setup

On theonehand,multi-dimensionaltransferfunctionsoffer
moredegreesof freedomto maskcertainpropertiesthana
standardtransferfunction.On the otherhandthey arealso
moredif�cult to setupby theuser. Therefore,theactualre-
searchis concentratingon automaticmethodsto easethis
setupprocess.

Due to the inclusionof the gradientmagnitude,material
boundariescanbevisualizedwith 2D opacitymaps.Thema-
terial boundariescorrespondto arcsin the two-dimensional
histogramor scatterplot whichconnectthefootprintsof the
materials(compareleft imagesin Figure1).

In practice,however, thesearcscanbe moreor lesspro-
nouncedor even indistinguishable.This mainly dependson
theimagingqualityof thescanner. Reconstructionandquan-
tizationartifactsof theCT scannerandthedensitydistribu-
tion of thescannedobjectalsohave a greatin�uence on the
shapeof thearcs.

A goodstrategy toachieveameaningfulvisualizationis to
markthetop of thearcswith differentcolors.If thearcsare
not well de�ned it is thereforechallengingto �nd a mean-
ingful transferfunctionsetup.

This is especiallytrue for MRI scans.As a fundamental
property, anMRI scannercannotdistinguishbetweenair and
bone.Thus,thehistogramusuallyshows only onelargeun-
pronouncedarchbetweenthe footprintsof waterandnon-
waterbearingmaterial.In sucha casethe setupof a two-
dimensionaltransferfunctionrequiresahighdegreeof prac-
tical knowledgesincethe distribution of scalarvaluesand
gradientsin thescatterplot providesonly very few cluesfor
theseparationof features.

In otherwords,theability to isolatea featurein thetrans-
fer functiondomaindependson how mucha featureshares
its statisticalfootprint in the histogramwith otherfeatures.
If thereis anoverlapin thedistribution of two featuresthey
cannotbeseparatedcompletely.

1.3. Segmentation

In order to circumvent this fundamentalrestriction,an ex-
plicit segmentationneedsto beperformedon thedomainof
the volume.A variety of segmentationalgorithms[GW01]
have beendevelopedfor a broadrangeof applicationareas.
Most algorithmsarebasedon a region growing or diffusion
process.

Although hardware-acceleratedmethods have been
presentedrecently [VKG03, SHN03, HBH03], processing
timesarestill too slow for thepurposeof interactive explo-
ration.For thisreason,segmentationmethodsareusuallynot
utilized to give a quick �rst impressionof a dataset.This is
still thedomainof transferfunctionbasedmethods.
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2. SpatializedTransfer Functions

In this paperwe presenta new andfastmethodfor the au-
tomaticsetupof multi-dimensionaltransferfunctions.Our
strategy is describedasfollows: we do not try to identify a
singlespeci�c featurebecausethis may not be possibleat
all with transferfunctions.We ratherautomaticallyseparate
asmany featuresaspossibleusingwhatwe call spatialized
transferfunctions(STF).

As the next step, a speci�c target featurecan be iso-
latedinteractively by removing all thefeaturesfrom theSTF
which do not includethetarget.Thenthis scenariois anex-
cellentstartingpoint for furtherexplorationor segmentation
asdescribedin Section4.

2.1. BasicPrinciple

At the IEEE Visualization2001conferenceG. Kindlmann
notedin histutorial[Kin01] that“histograms/scatterplotsen-
tirely loosespatialinformation”andaskedif therewouldbe
“any wayto keepsomeof it?”. Spatialinformationis impor-
tant,becausea featureby de�nition is a spatiallyconnected
region in thevolumedomainwith auniquepositionandcer-
tain statisticalproperties.If we only usethe statisticalin-
formationof thescatterplot we effectively ignorethemost
importantpartof a featuresde�nition.

A naive approachto enrichtransferfunctionswith spatial
informationwould beto usea 5D transferfunctiondepend-
ing on the scalarvalues,gradients,andthe volumecoordi-
natesx, y andz. However, sucha high-dimensionaltransfer
function would be even more dif�cult to setupthan a 2D
transferfunction.

At thispointwewould like to recallthatthestandardpro-
cedureto separatefeaturesmanuallyis to masktheopacity
at interestingregionsandto give distinct featuresdifferent
colors.On theonehand,interestingregionsbasicallyarere-
gionswith ahighgradientin thescatterplot,sothestatistical
informationin thehistogramis suitablefor thesetupof the
opacity. Ontheotherhand,distinctfeaturesby de�nition are
distinguishedby their positionin space,so we needto use
thespatialinformationfor thesetupof thecolor in thetrans-
fer function. As a result,we do not requirea 5D transfer
function,but themissingthreedimensionscorrespondto the
RGBcolor channelsof astandard2D transferfunction.

In general,we saythat a spatializedtransferfunction is
a one-or more-dimensionaltransferfunction,wherespatial
informationhasbeenusedto derivethecolor, whereasstatis-
tical (and/orspatialinformation)is usedto setuptheopacity.
In thefollowing sectionwedescribeanautomaticsetuppro-
cedurefor this typeof transferfunction.

2.2. Automatic Transfer Function Setup

As the�rst step,wedescribetheautomaticsetupof theopac-
ity valuesof a 2D transferfunction. Let ca > 0 be a con-

Figure 1: 2D Histogramsbasedon scalar valueson the x-
axis and gradientson the y-axis (left) and corresponding
spatializedtransferfunctionsfor r = 0:1 (right). In thebot-
tom row noisehas beensmoothedout by using two-times
super-samplinganda k-neighborhoodwith k = 2.

stantde�ning theglobalopacity, thentheopacityof theen-
try F(s;t) of the transferfunction with s 2 [0;1] being the
normalizedscalarvalueandt 2 [0;1] beingthe normalized
gradientmagnitudeis Fa (s;t) = tca .

This has the effect that we blend out uninterestingre-
gionswith low gradientsandemphasizethematerialbound-
arieswith high gradients.This is also known as gradient
weighted rendering.More advancedopacity setup meth-
ods[KD98, PM04]couldalsobeused.

As the secondstep,the separationof the featuresis per-
formedusingthecolorchannelof the2D transfer. As amat-
ter of fact, a featureis uniquelydeterminedby its position
in space.Thus,weneedto �nd amappingwhich transforms
uniquefeaturesin spaceto uniquecolorsin thetransferfunc-
tion. In particular, we would like to assignthesamecolor to
all entriesin the transferfunctionwhich mapto almostthe
samepositionin thevolumedomain.

A mappingwith thedesiredpropertiesis describedin the
following. Let pi(s;t), i = 1::n, bethenormalizedpositions
of the n contributing voxels of the entry H(s;t) = n of the
histogram,let b(s;t) = 1

n å n
i= 1 pi(s;t) be the barycenterof

thevoxels,let v(s;t) = 1
n å n

i= 1 jj pi(s;t) � b(s;t)jj bethespa-
tial varianceof thevoxelsandlet r be themaximumradius
of thefeaturesto bedetected.Thebarycentersandthevari-
ancearecomputedoncefor eachvolumein a preprocessing
step.

If we startwith a referencetuple T0 = (s;t) all othertu-
plesT with jjb(T) � b(T0)jj < r belongto thesamefeature,
assumedthat the variancev(T) of the tuplesis suf�ciently
small. With increasingvariancev(T) the relationshipbe-
tweenthe barycentersb(T) and the real locationof a fea-
tureis becomingmoreandmoreimprecise,especiallyif the
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spatialvarianceexceedsthe featureradiusr. However, the
distancenorm

N(T;T0) = jjb(T) � b(T0)jj + jv(T0) � v(T)j

is a reliable measurefor spatial correspondence,that is
whetheror not a tuple T belongsto the samefeatureas
thereferencetupleT0. Basedon this normN(T;T0) we now
classifyall entriesof the transferfunction into groupsthat
belongto thesamefeature(asfaraswecantell withoutper-
forminganexplicit timeconsumingsegmentation).Let ce be
aconstantwhichde�nestheglobalemissionandletCRGBbe
a RGB color triple with randomhuevalue,theneachgroup
entryT is giventhefollowing emission:

8T : N(T;T0) < r; Fe(T) := CRGBce

For simplicity westartwith thereferencetuplewhichhas
the highesthistogramcount.Then we computeall entries
which belongto the samegroupasthe referencetuple and
assigna speci�c color to all theseentries.This procedureis
repeatedfor the remainingentriesuntil the classi�cation is
complete.

As anexample,thecolor channelFe of thetransferfunc-
tion for r = 0:1 of the Tooth dataset[PLB� 01] is shown in
Figure 1. On the top left the original 2D histogramis de-
picted.Onthetopright theintensitypeaksof thescatterplot
areclearlybrokendown in uniquelycoloredregionswhich
correspondto different tooth materialsandtheir respective
boundaries.

An automaticvisualizationof theToothdatasetusingthe
STFis shown in theleftmostimageof theTeaser. Thedentin,
the enameland the boundarybetweenthe two materials
are coloredautomatically. The only parameterwe needto
choosemanuallyis themaximumfeatureradiusr (andonce
for eachdatasetthe global opacityca andthe global emis-
sionce).

We usually start with a moderatelylarge featureradius
andslowly decreasetheradiusuntil thedesiredfeaturescan
beseparatedfrom eachother. In ourexperimentsaradiusbe-
tween0.05and0.25wasa goodchoice.Notethat thecom-
plex shapesof the classesaredetectedautomaticallyusing
thespatialinformationin thehistogram.Without theaid of
the the STF the exact shapeis almostimpossibleto setup
manually.

2.3. Interacti veExploration

For furtherexplorationwe cannow point andclick into the
histogramto selecta speci�c class.Thenthecorresponding
featureis displayedby settingtheemissionof theremaining
classesto zero.In theTeaserthis interactiveprocessis illus-
tratedby high-lightingthemostimportantfeatureclassesof
theToothdataset.

Using the describedspatializationof a transferfunction
we effectively performa segmentationon thedomainof the
transferfunction. The main advantageof this approachis
thatwe do not needto performanexplicit time-consuming
segmentationof thevolumedomain.If the featureradiusis
changedinteractively we only needto reclassifyall entries
in thetransferfunction.Sincewedonotneedto reprocessall
voxelsexplicitely, thetotalupdatetimeincludingaredraw of
thevolumeis well below aquarterof asecond(onaPCwith
AMD Athlon 1GHzandNVIDIA GeForceFX5800Ultra).

2.4. Pseudo-Shading

In order to enhancethe discriminationof features,it turns
out thatwe canoptionallyapplya simpletechnique,which
wecall pseudo-shading.

At the boundaryof an object the scalarvaluesquickly
dropto zero.If we decreasetheemissionfor the lowestoc-
curringscalarvaluesof theobject,thefeaturessilhouetteis
rendereddark,sincetheaccumulatedopacitybecomespre-
dominantover the emission.This effectively simulatesthe
appearanceof aheadlight. In thecontext of theSTFwe im-
plementpseudo-shadingby �rst determiningthescalarrange
of eachclass.The we attenuatethe emissionof eachclass
usinga linearrampover its scalarrange.

Figure 2: STF based visualization of the Bonsai #1
dataset[Roe04] usingpseudo-shading. The leaves(green)
and the trunk (brown) havebeenselectedby high-lighting
thecorrespondingclassesin theSTF.

As anexample,theBonsaidataset[Roe04]hasbeenvisu-
alizedwith pseudo-shadingin Figure2. The leavesandthe
trunk were selectedby pointing and clicking at the corre-
spondinghigh-lightedclassesin the STF asdepictedat the
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bottom of the �gure. For eachselectedclassthe emission
wasattenuatedlinearlywhich leadto theshadedappearance
of thebonsai.

2.5. Reductionof Noise

For themostprominentpeaksin thehistogramthehistogram
distribution is suf�ciently smooth.But usuallytherealsoex-
ist underrepresentedregions where the histogramis very
noisy. If the numberof voxels per histogramentry is very
low (e.g.below 5-10voxels),avalid classi�cationcannotbe
made.In sucha casetheopacityof theseentriesneedsto be
setto zero.

In orderto enablea correctclassi�cation throughoutthe
entire rangeof the histogramwe needto reducethe noise
by addingmoresamplesto thehistogram.First,we increase
the numberof samplesby performingsuper-sampling.For
example,two-timessuper-samplingincreasesthenumberof
samplesin thehistogramby afactorof eight.In ourpractical
tests,however, thiswasnot fully suf�cient, sowetried four-
timessuper-sampling.This resultedin a suf�cient reduction
of the noisebut the preprocessingtime wasalso increased
dramatically, sincea hugenumberof trilinear interpolations
hadto beperformed.

As an alternative, we may add each voxel to a k-
neighborhoodin the histogram,since coherentregions in
thevolumetranslateto coherentregionsin thetransferfunc-
tion. A k� neighborhoodwith k = 1 increasesthe number
of samplesby a factorof 9. Using both a k� neighborhood
with k = 2 andtwo-timessuper-sampling,noisyregionsare
smoothedout well, while at the sametime the numberof
trilinear interpolationsis kept reasonablesmall. The noise
reductionandthecorrespondingimprovementof theclassi-
�cation is demonstratedin Figure1. Thetop row shows the
original noisy histogramandthe bottomrow the smoothed
version.

3. Implementation

In order to display a regular scalarvolume we use a 3D
texture basedapproachwith view-port alignedslices.We
alsoapply the pre-integrationtechnique[MHC90, RKE00]
to achieve high-qualityvolumevisualizations.This has�rst
beendemonstratedby Engel et al. [EKE01] for 1D trans-
fer functions using a 2D pre-integration table. More re-
cently, pre-integratedshading[MGS02,LWM04] hasbeen
proposedasanextensionto allow high-qualityvolumelight-
ing.

In thecaseof 2D transferfunctions,however, it is unclear
how to applythepre-integrationtechnique,sincethis would
requirea4D pre-integrationtable.Knissetal. [KPI � 03] pro-
posedto usea specialtype of 2D transferfunction repre-
sentationbasedon thesumof Gaussians,which canbepre-
integratedanalyticallyin the textureshader. For spatialized

2D transferfunctions,however, this solutionis not feasible,
sinceSTF cannotbe approximatedef�ciently by a sumof
Gaussians.

Figure 3: Bene�t of pre-integrating alongthescalaraxisof
2D transferfunctions.A pre-integratedvisualizationof the
Neghip dataset[Roe04]is shownon theleft. Highestgradi-
entsaredepictedin yellow. On theright slicingartifactsare
clearlyvisiblewhich aredueto disabledpre-integration.

Instead,we choosea ratherpragmaticapproach:sincea
four-dimensionalpre-integration table is infeasiblewe use
a three-dimensionaltablewhereeachslice containsthe 2D
pre-integrationtablefor aconstantgradientmagnitude.This
simpli�cation is valid sincethe highestfrequenciesof the
rayintegralcomefrom highfrequenciesalongthescalaraxis
of the2D transferfunction.Along thegradientaxis thefre-
quenciesareusuallylower, sothatwemayassumeaconstant
gradientfor eachray segment.Figure3 shows theeffect of
thisapproach.

4. Practical Applications

In theprevioussections,wedemonstratedthatthespatializa-
tion of transferfunctionsis a powerful methodfor theauto-
matic setupof multi-dimensionaltransferfunctions.In this
sectionwe substantiatethis by giving a variety of practical
examples.

4.1. STF Guided Segmentation

Our�rst practicalexampleis theapplicationof spatialization
to segmentation:As mentionedpreviously, theability to lo-
catefeaturesin theSTFis limited by theinjective mapping.
While the Tooth andthe Bonsaidatasethave few injective
regions,otherdatasetsmayrequireanexplicit segmentation.
But if aspeci�c featureis notdirectly localizablein theSTF,
this is often dueto the fact that it is only oneout of many
similar objectswith thesamematerialproperties.This case
is often encounteredin medicalimaging,where,for exam-
ple, bonefracturesneedto beanalyzed.While thedifferent
partsof the fracturearenot separablein the transferfunc-
tion, thecompletebonestructureis verywell distinguishable
from othermaterialslike tissue,fator muscles.
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Figure 4: STFguidedsegmentationof theCarp. In the left
image the boneswere selectedin the STF (the skin is ad-
ditionally shownin white). Thenthe Carp was segmented
by performingregion growing on the selectedparts. Each
segmentis givena randomhuevalue. After that theorange
spinesegmentwaspicked and emphasized.As a result,the
spineprotrusionis clearlyvisible. Otherwiseit wouldbeob-
scuredby theheadbones.

Ourproposalfor theseparatevisualizationof multipleob-
jectswith thesamecharacteristicsis to �rst to selectall ob-
jectsin theSTF. Thentheselectedobjectsarecharacterized
by a non-zeroopacityentry in the transferfunction.There-
fore we can obtain a segmentationby performing region
growing on the voxels with non-zeroopacity. This hasthe
effect thattheobjectsarebrokendown into individual com-
ponentsaccordingto their spatialconnectivity. This special
type of segmentationwhich we call STFguidedsegmenta-
tion is extremelyfast,sincefor eachvoxel only onelookup
into the2D opacitymapis required.

Eachdetectedsegmentis assigneda uniquerandomtag
whichdeterminesthehuevalueof thesegment.Now wecan
click into the renderview andselecta segmentby its hue
value,just aswe clicked into the STF to selectfeaturesby
their color. An exampleis givenin Figure4 wherethespine
protrusionof theCarpdatasethasbeenmadevisible.

4.2. Visualization of Aneurysms

Our secondpracticalexampleis the semi-automaticdetec-
tion of aneurysmsin CT angiography data(CTA): In ourex-
amplethe aneurysmis the small red blob in the middle of
thebrainasdepictedin thetop left imageof Figure5. It cor-
respondsto the tiny redspotat thebottomof theSTF. The
smallbrown protrusionabove theredspotmapsto theinte-
rior of thearteriain thebrain.Without theaid of theSTFit
takessometime to locatethis redspot,becausetheslightest
offsetalsoselectsthearteria.UsingtheSTFtheshapeof the
spotis foundautomaticallyandtheaneurysmcanbevisual-
izedjustby clicking at it. Wetestedavarietyof angiography
datasetswith aneurysms.In all cases,theaneurysmwasin-
stantlyvisibleasasmallcharacteristicspotin theSTF.

4.3. Impr ovedMagnetic ResonanceImaging

Our third practicalexampleis theimprovedvisualizationof
brainMRI data:Here,oneprincipalproblemis thattheskull
ispicturedverybadly, sinceit mapstoalmostthesamescalar
valuesasair. Thesameproblemarisesfor thebrain,because
it hassimilar propertiesasskin andtissue.So it is usually
very challengingto visualizeboth the skull and the brain
separatedfrom other tissue.But if we do not usea stan-
dard2D transferfunction (scalarvaluesandgradients)but
a transferfunction basedon both the T1-weightedandthe
proton-density-weightedresponseof the MRI scannerwe
geta muchbetterresult:in theSTFtwo regionswhich map
to theskull andthebrainquiteclearlystandout. In the top
right imagein Figure5 thesetwo regionshave beenhigh-
lighted (x-axis = T1, y-axis = PD). Using the STF is not
aimedasareplacementfor arealbrainsegmentationbut it is
a convenientway to displaythebrainandtheskull without
mucheffort.

4.4. Diffusion TensorImaging

Our fourth practicalexample is the visualizationof nerve
pathwaysusingdiffusiontensorimaging:Thestandardpro-
cedureto visualizethe nerve pathways in a DTI scanis to
tracepath lines along the largesteigenvectorof the tensor
�eld. The pathways are discriminatedfrom nerve cells by
consideringthe so-calledfractional anisotropy of the dif-
fusion tensor. High anisotropy valuesarecharacteristicfor
the pathways(white matter),whereasnerve cells have low
anisotropy (grey matter). We use a 2D transfer function
basedonboththescalarvaluesandthefractionalanisotropy.
Here,the pathwayscorrespondto a characteristicregion in
the uppermiddle of the transferfunction.This canbe seen
in thebottomleft imageof Figure5. Anothercharacteristic
region is theventriclein the lower right areaof the transfer
function.

4.5. RegisteredMulti-Modal Imaging

Our �fth practicalexampleis thevisualizationof registered
multi-modaldata:In medicalimagingtumorsoftenhave to
be visualized.For this purposeit is not suf�cient to aquire
MRI dataalonein orderto seethetumor. Dueto therequire-
mentsof surgical planningthe skull must also be visible.
Thus,a CT scanneedsto be madeandregisteredwith the
MRI data.This is usually the startingpoint for an explicit
segmentationbasedon both the two multi-modaldatasets.
Using a 2D transferfunction basedon the two scanmodes
we caninstantlyselectthetumorandthesurroundingbone.
The tumor correspondsto the tiny yellow spotwhereasthe
skull correspondsto a largegreenareaasshown in thebot-
tomright imagein Figure5.

In summary, theSTFis a very convenientmeansto visu-
alizefeaturesin scalar, diffusiontensoror multi-modalvol-
umedata.If a featurehasa characteristicfoot print in the
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Figure 5: STFexamplevisualizationsfrom top left to bot-
tom right: visualizationof an aneurysm(CTA), separation
of brain and skull (MRI/T1+PD), identi�cation of nerve
pathways(DTI/MRI+FA), visualizationof tumor and skull
(CT+MRI).

domainof thetransferfunction,thefeaturecanbedisplayed
veryquickly by selectingthecorrespondingclassin theSTF.
Thishasbeenshown to work remarkablywell in avarietyof
medicalsetups.

5. Conclusion

In this paperwe have shown how to includespatialinfor-
mation into multi-dimensionaltransferfunctions.This has
enabledus to comeup with an automatictransferfunction
setupscheme.Thedisplayof speci�c featuresis very natu-
ral in thiscontext: wecanselectfeaturesjustby pointingand
clicking into the2D histogram.Wehavealsogivenavariety
of examplesthatunderlinetheapplicabilityof our approach
to abroadrangeof issuesin medicalvisualization.
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